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Abstract
Estimation of forest attributes using remotely sensed data has being as a new potential for continuous management of natural 
resources. Simple statistical models such as linear regressions are most used approach that has been used by researchers. Applying 
other regression types in forest attribute estimations and their spatial modeling using decision tree analysis such as regression tree 
may be more usefulness compare to linear regression. In a case study in the Hyrcanian forests, northern of Iran, the capability of
linear and regression tree analyses were compared to estimation of stand volume, tree density and tree diversity. Stepwise multiple 
regression and regression tree analyses were conducted to evaluate relationships between forest characteristics as dependent and 
ETM+ bands and vegetation indices as independent variables. Performance assessment of models was examined using RMSE and 
Bias on the unused validation plots. The results of analysis showed that statistical models of stand volume, tree density, species 
richness and reciprocal of Simpson indices using tree regression analysis had higher adjusted R2 and CE compare to linear 
regression models. In addition, the performance results showed that RMSE of models using tree regression were 88.7 m3/ha, 
157n/ha, 1.15 and 0.61 respectively for stand volume, tree density, species richness and Simpson index, Whereas, the RMSE of 
obtained models using linear regression were computed about 97m3/ha, 170n/ha, 1.51 and 1.15, respectively.
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1. Introduction
In sustainable forest management and forestry decision-making there is a continuous need for high quality information 
on forest resources [1]. Up-to-date information on forest resources and monitoring ongoing spatial processes in 
forested landscape are great importance to successful and sustainable management of forest resources [21]. Traditional 
ground-based field measurements of forest properties are made by using hand-held equipment. These measurements 
are expensive, time consuming and labor in intensive, as well as difficult to perform, especially in mountain and dense 
forests [3]. Added to these problems, are the fast changing nature of the forest areas that requires repeated assessments 
at short time intervals [21]. Due to these reasons, other methods of estimating forest characteristics for larger areas 
such as remote sensing are often used. Linear regression is one of the oldest and most widely used statistical 
techniques for modeling forest characteristics because of its easy use and straight forward interpretability [4, 1]. Also, 
many ecological relations are typically non-linear and data often have a non-constant variance distribution and many 
explanatory variables show colinearity. As a consequence linear regression may not be appropriate or may lead to high 
unexplained variation [12, 1]. More recently, the development of more advanced non-parametric techniques such as 
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regression tree are opening up plenty of opportunities to predict forests characteristics with great accuracy. This paper 
describes a study of the relationship between Landsat ETM+ data and forest stand characteristics in the Loveh forest, 
Golestan Province, north of Iran. These paper the capability of linear and regression tree analyses were compared for 
estimation of the stand volume, tree density and tree diversity in the Hyrcanian forests, northern of Iran. In the domain 
of estimation of forest characteristics, The performance of non-parametric techniques as CART, generalized additive 
models (GAM) and artificial neural networks (ANN) compared to parametric techniques was Investigated by Aertsen 
et al., [1] for prediction of site index in Mediterranean mountain forests. Moisen and Frescino [23] and Wang et al. 
[29] evaluated these techniques for the prediction of Several species independent forest characteristics in the Interior 
Western United States and for the spatial prediction of site index of Lodgepole pine in Canada. Three studies 
concluded that these non-parametric approaches can be more effective predictors. Zheng et al., [28] modelled soybean 
yield in Northeast China. They demonstrated that Compared with the general linear model (GLM), CART model 
explained a greater amount of yield variability with thes ame number of in dependent variables. Mohammadi et al.,
[21] modelled forest stand volume and tree density using Landsat ETM+ data in the Hyrcanian forests, northern of 
Iran. The models for stand volume and tree density were obtained with an adjusted R2 (43% and 73.4%) and with Root 
mean square error (97.49 m3/ha and 170.13 n/ha), respectively. Sivanpillai et al. [28] analyzed the relationship 
between Landsat ETM+ reflectance values and stand characteristics of commercially managed loblolly pine (Pinus 
teada L.) in east Texas. Landsat data were able to predict stand age and tree density with R2=78% and R2=60%, 
respectively. Mohamadi and shataee [22] investigated the possibility of estimation of tree diversity using Landsat 
ETM+ data in the Hyrcanian forests, northern of Iran. The models for tree species richness and reciprocal of simpson 
index were obtained with adjusted R2 (59% and 45.9%) and with Root mean square error (1.51 and 1.15), respectively. 
Gillespie et al., [10] analyzed the estimation of tree species richness using ETM+ and Radar backscattering data in 
tropical forests. They demonstrated that ETM+ data has potential for estimating tree species richness. In addition, 
Gillespie et al. reported that mean and standard deviation of NDVI help in the prediction of tree species richness with 
R2=39% and R2=37%, respectively. Other studies have indicated that remote sensing data have ability to provide 
useful information on forest characteristics in different settings [13, 20, 15, 7, 30, 8, 25, 24, 16, 11, 17, 9, 6 and 14].
Although numerous studies have utilized satellite remote sensing and non-parametric technique for analyze and 
predict forest characteristics in other forests, the Hyrcanian forests in the North of Iran have remained relatively 
unexplored. The aim of this study is to compare and evaluate one statistical non-parametric (CART) and multiple 
linear regressions (MLR) for modeling stand volume, tree density and tree diversity.
2. methods
2.1. Study area
The study area comprises 7800 hectares in the east north 
Iran, eastern part of the Golestan province, extending from 37˸
14˴ to 37˸ 24˴ N latitudes and 55˸ 33˴ to 55˸ 47˴ E longitudes 
Elevation ranges between 400 to 1900 m above mean sea level 
(Fig. 1). Loveh forest management plan started with application 
of shelter-wood harvest method and was later (2003) replaced 
with selective cutting. The area being under these harvest
methods has a relatively homogenous forest. Forest data shows 
Hornbeam and oak cover 51.6% area and 19.6% of the area 
respectively. 
Figure 1: Location of the study area in the Golestan Province 
of Iran.
2.2. Field data 
We applied a systematic cluster sampling method in summer 2004 to collect field data. We used 11 clusters with 90 
plots (each cluster included 3×3 systematic plots) so that distance between clusters and plots were 1000 and 200 
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meters, respectively. The plots were squares of 60×60 meters roughly corresponding to four visible and infrared ETM+ 
pixels. The geographical center of each plot was accurately registered using a GPS device. In each plot, information of 
all trees with a diameter greater than 7.5 cm at breast height was taken that included tree species, stand height 
(measured to the nearest metre), diameter at breast height (D.B.H.). The volume in plots was estimated using a local 
volume table, containing diameter at breast height (d1.3) and height, to estimate volume of different species in plots. 
Finally, the volume per hectare (m3/ha) was estimated using the total volume of all trees in each plot. In addition, the 
tree density was computed through counting of trees in each plot. We used richness and reciprocal of Simpson indices.
Species richness represents the total number of species per plot, and Simpson index is a measure of dominance that 
also accounts for evenness or the relative abundance of each species on a plot. Simpson index represents the likelihood 
that two randomly chosen individuals will be same species. We used the reciprocal of Simpson index (1/D) [18].
2.3. Satellite data and vegetation indices 
We used Landsat ETM+ scene belonging to path 162, row 34 acquired on 7 August 2002. The ETM+ images had 
been previously ortho-rectified by Iranian National Cartography Center (NCC) with a high geometric precision. The 
geometric precision of images was also verified using road vector layer and field collected GPS control points. In this 
study, COST method was used to convert the digital numbers to reflectance values and to accommodate for 
atmospheric attenuation and scattering in the visible and near-infrared bands. After geometric rectification and 
atmospheric correction, relevant vegetation indices were generated. These vegetation indices included normalized 
difference water index (NDWI), normalized deference vegetation index (NDVI), difference vegetation index (DVI), 
brightness, greenness and wetness. Reflectance values and vegetation indices were extracted from the Landsat images 
[19] using the average of a 2×2 pixel window centered on the GPS location of each field plot.
2.4. Statistical analyses
Stepwise multiple regression analyses were conducted to evaluate relationships between forest characteristics as 
dependent and ETM+ bands and vegetation indices as independent variables. We used the Kolmogorov-Smirnov test 
to determine data normality. Stepwise regression analysis selects a subset of independent variables that explains most 
of the variability in the dependent variable. Independent variables of the final model were selected based on a 
combination of both their individual contribution to the model, adjusted coefficient of determination (R2adj.) and 
residual mean square MS [27]. Also, we used regression trees to relationships between forest characteristics and 
satellite data. Regression tree is a nonparametric modeling approach that can explain the responses of a dependent 
from a set of independent continuous variables. Starting with the full set of observations, the current set is divided in 
two so as to make the two new subsets as homogenous as possible in regard to the response variable. This process is 
repeated until all subsets appear to be sufficiently homogenous. The resulting partition of the data set can be described 
by a binary tree, where each terminal node represents a subset of the observations, and each interior node represents 
one of the splitting rules. The value predicted by the model for each of the terminal nodes is then an appropriate 
summary function of the response variable within that node, usually the mean [26]. A cross validation methodology 
applied for pruning to outcome prediction. Regression tree are insensitive to outliers, and can accommodate missing 
data in predictor variables by using surrogates [2].
2.5. Model evaluation
We included 85 percent of plots in the modeling processes and used the remaining 15% to evaluate the accuracy of the 
model outputs. The reliability of the estimates was measured by adjusted R2, root mean square error (RMSE), relative 
root mean squre error, coefficient of efficiency (CE), bias (Eqs. 1 and 4) [20, 1].
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In the following equations, yi is the observed value, is the modeled value (with i = 1 to n data points) and   is the mean 
of the observed values.
302  Jahangir Mohammadi et al. / Procedia Environmental Sciences 7 (2011) 299–304
3. Results 
3.1. Descriptive statistics of forest characteristics
The results of normality test showed that all variables had a normal distribution except of tree density and species 
richness, for which a log-transformation was used to meet assumptions of normality. Stand volume, tree density, 
Species richness and reciprocal of Simpson index ranged from 55.32 to 541.74 (m3/ha), 227.1 to 1136.11 (n/ha), 6 to 
12 and 1.48 to 4.52, respectively, which represented a full range of stand characteristics in the study area (Table 1).
Table1: Descriptive statistics of the model and validation samples for forest characteristics
Reciprocal of 
Simpson
Species richnessTree density
(n/ha)
Stand volume 
(m3/ha)
validationmodelvalidationmodelvalidationmodelvalidationmodel
1575157515751575N
3.152.778.58.14571.1514.4246.35282.7Mean
1.060.740.160.12268.85227.1113.4104.86S.D.
4.134.256816.67952.78410.24486.43Range
1.491.4766286.11183.33108.6455.32Minimum
5.625.6711121102.781136.11518.8541.74Maximum
3.2. Estimating of forest characteristics using satellite data
A total of 8 models were built, using tow modelling techniques for Stand volume, tree density, Species richness and 
reciprocal of Simpson index. All models were critically investigated for confounding factors and collinearity between 
explanatory variables and checked whether all basic as sumptions were met. The forest characteristics clearly differ in 
independent variables, as expressed by the different models (Table 2). Only ETM4 seem to be common predictors for 
forest characteristics.
Table2: Overview of the predictor variables selected by the forest characteristics models developed with two techniques.
Forest 
characteristics
Modelling 
techniques
Variables selected by model
Stand volume
MLR Greenness and DVI
CART ETM4, DVI and NR
Tree density
MLR ETM4 and ETM5
CART ETM4, Greenness and DVI
Species 
richness
MLR ETM5, ETM7, DVI, wetness and variance of ETM1, ETM2  and ETM5
CART ETM4, ETM5, ETM7, DVI and variance of ETM5 and ETM4
Reciprocal of 
Simpson index
MLR NDVI, brightness, greenness and variance of ETM2, ETM5 and ETM7
CART ETM1, brightness, wetness and variance of ETM4, ETM3
The measures of performance are summarized for each model in Table3. Better model performance is realized with 
lowest RMSE, relative RMSE and Bias and with adjusted R2 and CE closest to unity. The results of MLR indicated 
that only 43%, 73%, 59% and 45.9% of the variability in Stand volume, tree density, Species richness and reciprocal 
of Simpson index could be explained by satellite data, respectively (table 3). The regression tree model for Stand 
volume, tree density, Species richness and reciprocal of Simpson index as a function of satellite data are shown in 
figure 2 (a, b, c and d). The results indicated that DVI, DVI, variance ETM4 and variance ETM4were the most 
important variable determining Stand volume, tree density, Species richness and reciprocal of Simpson index 
variability, respectively. The results of the regression tree indicated that only 67%, 80%, 61% and 57% of the 
variability in Stand volume, tree density, Species richness and reciprocal of Simpson index could be explained by 
satellite data, respectively (table 3). 
Table3: Performance indices of all models for Forest characteristics and two modeling techniques: multiple linear 
regression (MLR), classification and regression trees (CART). Best model performance for every evaluation measure, 
based on the validation data, is highlighted in bold.
Statistical index MLR CART
Stand volume
adjusted R2 0.43 0.67
CE 0.445 0.67
RMSE 97.49 88.7
RRMSE 35.52% 30%
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Bias 28 12.36
Tree density
adjusted R2 0.73 0.80
CE 0.684 0.814
RMSE 170.13 157
RRMSE 33.4% 27.9
Bias 61.5 31.2
Species richness
adjusted R2 0.59 0.61
CE 0.60 0.62
RMSE 1.51 1.15
RRMSE 17.5% 15%
Bias 0.15 0.13
Reciprocal of Simpson index
adjusted R2 0.459 0.57
CE 0.50 0.572
RMSE 1.15 0.61
RRMSE 36.4% 24.4%
Bias 0.125 0.12
By comparing the predictive performance of all models, the best goodness-of-fit, i.e. lowest values for RMSE and the 
high R2 and CE, is obtained by the regression tree model (table 3).
Figure 2: CART binary regression tree for Stand volume (a), tree density (b), Species richness(c) and reciprocal of 
Simpson index (d).
4. Discussion and conclusion 
In this study two modeling techniques were compared and evaluated for predicting the Stand volume, tree density, 
Species richness and reciprocal of Simpson index in the Hyrcanian forests of Iran. According to the regression tree 
models, the most importance independent variables affecting forest characteristics were DVI and variance ETM4. The 
results of this study showed that 50% to 80% of forest characteristics variability could be explained by satellite data. 
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Our results were consistent with the previous finding the CART showed significantly higher prediction accuracy than 
MLR models [1, 23, 29 and 31]. Regression tree was determined to be a suitable analysis tools, and was used to 
identify the most important forest characteristics determining independent variables, even though the relationships 
may be nonlinear. Also, the results of this study showed that reflectance value recorded by ETM+ sensor are related to 
stand characteristics and could be used by resources managers to gain insights about variations within managed stands. 
This information can be used to update existing stand maps to identifying differences in forest characteristics within 
large stands and to identify locations within stands that might require treatments and other management activities.
Periodically updated information through satellite remote sensing technology and advanced non-parametric techniques 
such as regression tree could provide valuable information about changes in stand structure and help forest resource 
managers to devise suitable management plans.
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